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Abstract

This study investigated how gifted and regular high school students employ different
cognitive strategies and integrate information during scientific problem solving, using
eye-tracking techniques. Eighteen multiple-choice items were selected from the Inves-
tigating Scientific Thinking and Reasoning (iSTAR) assessment developed at The Ohio
State University, including nine text-only questions (tMCQs) and nine picture-embedded
questions (pMCQs). The items were chosen to ensure clear spatial separation among text,
image, and answer areas, allowing reliable region-based eye-movement analysis. Eye-
tracking data were analyzed using two indices: fixation time ratio (FTR), reflecting relative
attention allocation, and saccade count ratio (SCR), capturing cross-region information
integration. The results revealed clear group differences. Gifted students devoted a larger
proportion of attention to pictorial information (0.38 vs. 0.32) and showed more frequent
transitions between picture and answer regions (0.15 vs. 0.12), indicating more integrative
processing and mental model construction. In contrast, regular students spent more time
focusing on textual regions and exhibited higher within-text saccade activity, consistent
with a direct translation strategy. Furthermore, SCR-based machine learning classification
using a Random Forest model demonstrated meaningful discriminative capability between
the two groups, particularly for picture-embedded questions, achieving an accuracy of
77.5%. Overall, the findings provide empirical evidence that question format influences
students’ cognitive strategies during scientific reasoning. Methodologically, this study com-
bines a validated reasoning assessment, a carefully defined ROI-based eye-tracking design,
and interpretable behavioral indicators, offering practical implications for differentiated
science instruction.

Keywords: cognitive strategies; problem solving strategy; random forest classifier;
eye tracking

1. Introduction

In recent years, science education has increasingly emphasized the development of stu-
dents’ scientific thinking [1] rather than the simple transmission of factual knowledge [2,3].
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Skills such as critical reasoning, knowledge application, and problem solving are now
widely regarded as central learning outcomes [4,5]. Within this context, differences in stu-
dents’ problem-solving performance are often closely linked to how problems are internally
represented and processed [6].

According to Mayer’s cognitive problem-solving framework [6,7], effective problem
solving depends on the construction of an appropriate mental representation that goes
beyond the literal surface features of a problem. Learners must reorganize textual and
visual information into a coherent mental model that captures the underlying structure of
the task [8]. Prior research has consistently shown that students with different ability levels
adopt markedly different representational strategies. For instance, studies by Hegarty
et al. [9] demonstrated that less successful problem solvers—similar to the regular student
group examined in this study—often rely on a direct translation strategy. These learners
tend to focus heavily on keywords or numerical values in the text and attempt to map
them directly onto solution procedures, frequently overlooking the deeper conceptual
relationships embedded in the problem. In contrast, higher-ability learners and domain
experts devote more cognitive resources to integrating information across representations,
aiming to construct a structured and meaningful mental model [6]. This integrative process
often involves coordinated attention to both textual and pictorial information, with gaze
shifting flexibly across modalities to support conceptual understanding [10].

Identifying observable indicators that distinguish these representational strategies
is therefore essential for advancing research on scientific reasoning. In particular, dif-
ferences in how learners allocate visual attention and transition between information
regions may provide valuable insight into the cognitive mechanisms underlying problem
representation [11,12]. At the same time, such behavioral patterns may also reflect indi-
vidual differences in reading ability, familiarity with visual representations, or test-taking
habits. Taken together, these factors suggest that a nuanced analysis of visual attention
can contribute to a more refined understanding of students’ learning processes and inform
differentiated instructional approaches.

Eye tracking has become an important methodological tool for investigating these
issues in educational research [13]. As a non-invasive technique, it allows researchers to
capture learners’ moment-to-moment visual attention during problem solving by analyzing
fixations [14], saccades [15], and gaze trajectories [16]. Unlike retrospective reports or
outcome-based measures, eye tracking provides direct temporal evidence of how learners
attend to, prioritize, and integrate information as they engage with complex tasks [17]. In
science education, this approach has been particularly useful for distinguishing novice
and expert strategies, revealing differences in how learners process textual explanations,
interpret diagrams, and coordinate multiple sources of information.

Despite its potential, relatively few studies have used eye tracking to directly compare
gifted and regular students across problem types that differ in representational format.
Existing research often examines general eye-movement characteristics or focuses on a
single task type, without systematically analyzing transitions between distinct regions of
interest (ROIs) containing different kinds of information. Many studies rely primarily on
global metrics such as total fixation count or mean fixation duration [17-19], which provide
limited insight into how learners integrate information across text, images, and answer
options during problem solving.

The present study addresses this gap by examining how students with different cogni-
tive profiles engage with scientific multiple-choice questions that vary in representational
structure. Using the iSTAR (Investigating Scientific Thinking and Reasoning) framework de-
veloped at The Ohio State University, this study incorporates both text-only multiple-choice
questions (tMCQs) and picture-embedded multiple-choice questions (pMCQs). By defining
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spatially distinct ROIs for text, images, and answer options, the study investigates how
gifted and regular students differ in their processing of textual and pictorial information
and how these differences are reflected in measurable visual-attention patterns [6,9].
Specifically, the study pursues three objectives: (1) to identify group differences in
fixation- and saccade-based attention across predefined information regions; (2) to examine
how question format influences information-integration strategies; and (3) to interpret
these visual-attention patterns in relation to established models of problem representation
and mental-model construction. Grounded in prior research on cognitive strategy differen-
tiation [6,9], the study adopts a coherent design that aligns the selected iSTAR items, ROI
definitions, and eye-movement metrics with the underlying theoretical framework.

2. Materials and Methods
2.1. The System Architecture for Eye-Tracking Recording During Students’ Problem-Solving State

To investigate students’ visual attention patterns during scientific reasoning, this study
employed an eye-tracking system to measure and compare the problem-solving strategies of
gifted and regular high school students. The primary objective was to capture detailed, real-
time data on how participants visually interacted with different types of information—such
as text, diagrams, and answer options—while solving structured multiple-choice science
questions. As illustrated in Figure 1, the experimental setup consisted of an EyeTribe
eye-tracking device (The EyeTribe Co., Copenhagen, Denmark), a 28-inch LCD monitor
(1920 x 1080 resolution, 60 Hz refresh rate; Asustek Computer Inc., Taipei, Taiwan) and a
standard PC with a mouse interface for student responses. The eye-tracking system has a
spatial accuracy of approximately 0.5° to 1.0° of visual angle, according to manufacturer
specifications. During the calibration procedure, the system computed the user’s gaze
coordinates within this accuracy range. Given a standard viewing distance of approximately
60 cm, this corresponds to an on-screen average error of 0.5 to 1.0 cm. This level of precision
ensured that gaze points could be reliably assigned to predefined regions of interest (ROls)
and supported the validity of fixation-based indicators such as fixation time ratio (FTR) and
saccade count ratio (SCR) used in the analysis. To ensure data quality and minimize the
inclusion of non-informative glances or artifacts, a minimum fixation duration threshold of
200 milliseconds was applied, consistent with conventions in cognitive and educational
eye-tracking research.

Test

Eye tracking data

Figure 1. System architecture of the eye-tracking measurement.

https://doi.org/10.3390/asi9020038


https://doi.org/10.3390/asi9020038

Appl. Syst. Innov. 2026, 9, 38

40f19

2.2. Experiment Protocol and Subjects

This research involved 38 first-year high school students (18 males and 20 females)
with an average age of 15.5 £ 0.51, from Mingdao High School in Taichung, Taiwan. Among
the 38 students, 20 students were classified as gifted, having achieved percentile ranks (PR)
exceeding 95 in their entrance examinations, while the remaining 18 were categorized as
regular students, with their PRs ranging from 40 to 60. Ensuring comprehensive inclusion
criteria, all participants were free from neurological or psychological disorders (such
as epilepsy, autism, schizophrenia, Attention Deficit Hyperactivity Disorder, Tourette’s
syndrome, etc.) and had no significant visual impairments (e.g., cataracts, strabismus).
To maintain consistency in the study, both gifted and regular students were subjected to
identical experimental conditions.

Figure 2 illustrates the experimental setup employed in this study. In this study,
participants were individually seated in a quiet room, positioned approximately 60 cm
from the display screen. A chin rest was used to minimize head and body movement.
Each student underwent a nine-point calibration to ensure the accuracy of the eye-tracking
system. In this study, we utilized the iSTAR assessment [20] as our test questions, which is
an assessment instrument focusing on scientific and reasoning skills. The iSTAR assessment
was provided by Prof. Lei Bao from the Department of Physics at The Ohio State University,
USA. According to the overall design framework of iSTAR, the full assessment consists
of 35 items. Based on the item classification reported by Lei Bao (2022) [21], the original
35 items can be restructured into a short version of approximately 20 items to reduce
participants’ testing time and to minimize potential measurement bias caused by cognitive
fatigue or attention decline during lengthy assessments. The primary aim of this study
is to examine the differences in information-integration behaviors between gifted and
regular students while they respond to assessment items, under conditions that minimize
the influence of prior knowledge. Therefore, we intentionally selected items of moderate
difficulty (logit scale between —2.5 and 2.5) as the main basis for our analysis, ensuring
that neither overly easy nor overly difficult items would obscure the genuine differences in
students’ information-integration strategies.

. (Flyl) Four glass tubes that each contain twenty fruit flies are sealed shut. Half of Tubes I and II
plxels ,| are covered with black paint including the T Tubes II1 and IV are not covered. These tubes are
< placed on a clear horizontal glass table with nd 111 standing up on their ends and tubes 11
1980 and IV lying flat as shown. For five minutes the tubes are exposed to red light coming from all
directions. At the end of the five minutes, the number of flies in the covered and uncovered parts
of each tube are counted as shown below. Note that a total of 20 fruit flies are still in each tube.

Screen

Red light comes from all directions. Table is made of clear glass.

This experiment shows that flies respond to (“respond to” means move towards or away from):
~lo a. red light but not gravity

\2 b. gravity but not red light Amgw@]f

| X 1920 c. both red light and gravity

PC u ° EyeITrlbe ° s \IS d. neither red light nor gravity
pixe

e. cannot be determined from the information given

Figure 2. The experimental setup and ROI layout of this study.

Specifically, within the 20-item short version of the iSTART assessment, the test origi-
nally includes 17 moderate-difficulty items and 3 high-difficulty items. Considering the
goal of comparing cognitive strategies between gifted and regular students in higher-level
reasoning situations, we removed two of the three difficult items and retained only one
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item with a difficulty level above 3 on the logit scale, serving as a key indicator for cognitive
challenge. From this refined pool, we then selected 18 questions: 9 picture-based MCQs
(pPMCQs) and 9 text-based MCQs (tMCQs). These were chosen based on clear spatial sepa-
ration between text, image, and answer areas, which was essential for precise eye-tracking
ROI analysis. Additionally, we excluded overly simple items by removing those with mean
response times below 30 s, ensuring that retained items reflected genuine reasoning efforts.

The test questions were displayed on a screen directly facing the participants, who
then provided their responses using a computer mouse. Conversational interactions were
not permitted during the experiment to maintain focus. There was no time limit imposed on
the participants for answering the questions, allowing participants to respond at their own
pace. Each student was required to respond to 18 questions, with only one attempt allowed
per question. For each question, the participant had to choose one answer from four to five
options. Once an answer was selected for a question, the screen automatically advanced to
the next question, with no option to return to the previous one. The 18 questions comprised
two types: one included text, images, and answers (multiple-choice questions with an
informative picture, pMCQ), and the other consisted only of text and answers (text-only
multiple-choice questions, tMCQ), with nine questions of each type. The content and
order of the questions were identical for all participants, and none of them had previously
encountered these 18 questions.

In our study, we focused on questions containing pictorial content, which included
three specific regions of interest (ROI): the text zone, the picture zone (which could be a
graph, an illustration, or a table/chart), and the answer zone. The text zone was positioned
at the upper part of the screen display, the picture zone in the middle, and the answer zone
at the bottom of the question. To gain insights into the problem-solving strategies of the
students, we utilized eye-tracking technology to assess the fixation duration time within
each ROI and measured the proportion of saccades transitioning among these zones. This
methodology enabled us to conduct an in-depth comparison of how gifted and regular
students interact differently with both the textual and pictorial components of the questions,
thereby highlighting distinct behavioral patterns in their problem-solving approach.

At the outset of the experiment, participants were presented with a prompt on the
screen to prepare for answering, with the timing beginning upon their mouse click. The
response time was calculated as the duration from the conclusion of one question to the
selection of an answer for the succeeding one. The protocol mandated that participants
sequentially address a series of 18 questions, with the experiment ending once all were
completed. To maintain the integrity of the eye-tracking data, participants were advised
to restrict bodily movements and minimize blinking. On average, the completion of the
experiment took around one hour per participant. All participants voluntarily participated
in the experiment and signed an informed consent form. This study was approved by the
IRB (Project number: 202206EM019) of National Taiwan Normal University, Taiwan.

2.3. Eye Tracking and Data Analysis

In this study, the EyeMMYV toolbox [22] was utilized for analysis. Further statistical
analysis of the fixations and saccades across various regions of interest (ROlIs) was under-
taken. The fixation duration, quantified in milliseconds (ms), signifies the period during
which the eyes are fixated on a specific point. Saccades, the swift eye movements that occur
as the gaze transitions from one point to another, such as during reading or observing
various objects or scenes, were also analyzed. In terms of fixations, the proportion of
time that the participants” gaze stayed on each ROI was computed, defined as the fixation
time ratio (FTR). This includes the fixation time ratios on the text area (Freyt), picture area
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(Fpicture), and answer area (Fangwer). The methodology for computing FTR is depicted in

the formula below.
FTror

1::TTotal

(1)

Fror =

where Froj represents the gaze time ratio in different ROls, i.e., text, picture, or answer; the
FTroy denotes the gaze time in the specified ROI area; and the FT a1 = FTtext + FIpicture +
FT answer i the sum of fixation times across all ROI areas.

In examining saccadic behavior during problem solving, we calculated the proportion
of saccade counts occurring within the same ROI or across different ROls, defined as the
saccade count ratio (SCR). This encompasses the saccade count ratio for text-to-text (TT),
text-to-picture (TP), picture-to-picture (PP), picture-to-answer (PA), answer-to-answer (AA),
and answer-to-text (AT) transitions. The methodology for calculating SCR is illustrated in

the formula provided below.

_ SCEverlt
SEvent - SCTotal (2)

where Sgyent quantifies the proportion of saccade counts across various gaze transition
events, including saccade counts for text-to-text (Str), text-to-picture (Stp), picture-to-
picture (Spp), picture-to-answer (Spa), answer-to-answer (Saa), and answer-to-text (Sat),
with Sgyent for the number of saccades occurring in each specific transition type and Stya)
for the aggregation counts of all transitions, i.e., Stota1 = STT + STP + SPP + SpA + SAA + SAT.

Within the scope of pMCQ, the fixation time ratio (FIR) and saccade count ratio (SCR)
adhere to the aforementioned definitions. However, for tMCQ where pictorial content is
absent, variables such as Fpjctyre, Spp, STp, and Spa are deemed non-applicable and thus
set to zero. The definitions of FTR, SCR, and their respective parameters are outlined
in Table 1.

Table 1. Overview of eye-movement metrics in problem-solving tasks.

Question

Type Feature Type Feature Name Description
Frext_p The proportion of fixation time on the text region in pMCQ.
Fixation Fpicture_p The proportion of fixation time on the picture region in pMCQ.
Fanswer_p The proportion of fixation time on the answer region in pMCQ.
St p The proportion of text-to-text transitions in pMCQ.
pMCQ Stp_p The proportion of text-to-picture transitions in pMCQ.
Saccade Spp_p The proportion of picture-to-picture transitions in pMCQ.
Spa_p The proportion of picture-to-answer transitions in pMCQ.
Saa_p The proportion of answer-to-answer transitions in pMCQ.
SAT p The proportion of answer-to-text transitions in pMCQ.
.. Frext t The proportion of fixation time on the text region in tMCQ.
Fixation - . . . ..
Fanswer t The proportion of fixation time on the answer region in tMCQ.
tMCQ StT ¢t The proportion of text-to-text transitions in tMCQ.
Saccade SAA_t The proportion of answer-to-answer transitions in tMCQ.
SAT ¢ The proportion of answer-to-text transitions in tMCQ.

2.4. Construction of Random Forest to Classify Gifted and Regular Students on FTR or
SCR Features

In this study, an attempt was made to classify the problem-solving strategy differences
between gifted students and regular students based on their FTR or SCR data, further
exploring the differences in eye-movement behaviors between these two groups in terms
of FIR and SCR. The FIR and SCR from both pMCQ and tMCQ were utilized as input
features for the Random Forest (RF) [23], aimed at classifying the eye-movement behaviors
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of the two student groups. The study encompassed 38 participants (20 gifted students and
18 regular students), with the questions comprising 9 pMCQs and 9 tMCQs. To ensure the
accuracy and reliability of the study results, data from students with poor eye-tracking
quality were excluded. Specifically, exclusion criteria included (1) a low valid gaze ratio,
resulting in insufficient usable fixation data; (2) head displacement leading to systematic
calibration drift, such that gaze points could not be reliably mapped to the predefined
regions of interest (ROIs); and (3) frequent head movements or excessive blinking during
task performance, which caused substantial data loss or signal noise [24]. As a result,
data from 4 gifted students and 5 regular students were excluded. Therefore, the final
dataset consisted of 30 students, including 16 gifted students and 14 regular students.
Each of these students contributed eye-tracking data from 18 questions, yielding a total
of 270 pMCQ instances and 270 tMCQ instances for classification analysis. For the pMCQ
dataset, a selection of three FTR and six SCR was used to construct classifiers using RE. For
the tMCQ dataset, two FTR and three SCR features were applied towards the same end.
The importance of input features was also investigated through the classification results of
Random Forest (RF) [23].

To assess the classification performance, we employed a repeated leave-two-out cross-
validation strategy, where one gifted and one regular student were held out of each iteration.
One gifted student and one regular student were randomly selected from the final sample
of 16 gifted and 14 regular students to form a test dataset, while the remaining 28 students
were used to construct the training dataset. This procedure was repeated 20 times to ensure
robust performance estimation. In each repetition, separate RF classifiers were built for
pMCQ and tMCQ datasets using the corresponding FTR and SCR features. The average
classification accuracy over the 20 repetitions was computed and reported. Furthermore,
feature importance scores derived from the trained RF models were analyzed to determine
the most informative features for distinguishing between gifted and regular students under
both question types.

The methodology for constructing the RF classifier comprised the following steps:

®  Setanumber m for the number of decision trees.
® Randomly extract two-thirds of the data from the training dataset to form a
training subset.

®  For each training subset, randomly choose k features (k = \/Number of features)
from the eye-tracking features (FTR or SCR), in which k = 2 for FTR and k = 3 for SCR
were used to build a decision tree, and the decision at each node of the tree was based
on these features.

® The process described above was repeated m times, generating m (m = 5)
decision trees.

® The predictions of all decision trees were integrated, and the classification outcome
was determined by a majority vote.

Through this methodology, the importance of each feature in distinguishing between
the problem-solving strategies of gifted and regular students was also ranked.

3. Results

Figure 3 displays the average response time for different questions between gifted
students (blue bar) and regular students (orange bar), where the average response times
were 62.919 &£ 21.998 s and 60.449 + 13.889 s, respectively (p = 0.0887). The response time
indicates that, in terms of answering speed, gifted students are not actually superior to
regular students. This also demonstrates that the iSTAR assessment used in this study
emphasizes scientific and reasoning skills, requiring students to think before answering.
Figure 4 illustrates the success rate of correct answers for both groups. The average accuracy
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rates for gifted and regular students were 0.558 & 0.253 and 0.312 £ 0.243, respectively
(p < 0.01). In our assessment, questions 2, 5, 6, 7, 9, 10, and 18 were identified as more
challenging questions, resulting in a general success rate lower than 40%. The response
times and answer success rates were 69.395 + 27.769 vs. 60.653 = 10.888 s (p < 0.05; Student’s
t-test) and 0.307 & 0.169 vs. 0.103 £ 0.243 (p < 0.01; Student’s t-test) for gifted and regular
students, respectively. In contrast, for other less challenging questions, the response times
for gifted and regular students were 58.798 £ 17.662 vs. 60.319 £ 16.023 s (p = 0.5718), with
accuracy rates of 0.718 & 0.140 vs. 0.444 4 0.203 (p < 0.01; Student’s t-test). Particularly for
question 18, which was the most difficult question of them all, the average answer accuracies
for gifted and regular students were 0.100 and 0.060, respectively. Additionally, the average
response time for gifted students was 56.526 s higher than for regular students, potentially
indicating differences in their approaches to problem representation and inference stages.

Average Reaction Time (sec) Gifted students Regular students
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Figure 3. The average reaction time of gifted students compared to that of regular students.
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Figure 4. The success rate of correct answers for gifted students compared to regular students.
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In this study, characteristics of eye-movement behaviors were classified into the FTR
and SCR indices. Analyses were conducted on these two eye-movement behaviors in gifted
and regular students while answering pMCQ and tMCQ questions. For the FTR behavior
feature, Figure 5 illustrates the proportion of students” FTRs spent on the text, picture,
and answer zones. When answering the pMCQs, the FIRs for the 20 gifted students were
0.328 £ 0.141, 0.383 £ 0.132, and 0.290 & 0.142 in the text, picture, and answer zones,
respectively. In comparison, the FTRs for the 18 regular students were 0.388 + 0.147,
0.323 £ 0.113, and 0.290 £ 0.136 in the text, picture, and answer zones, respectively. For
the tMCQs, the FTRs for gifted students were 0.486 £ 0.167 and 0.514 & 0.167 in the text
and answer zones, respectively, while those for regular students were 0.567 + 0.172 and
0.433 £ 0.172 in the text and answer zones, respectively.

. Average fixation time ratio . Average fixation time ratio
Text Text
| * Picture Answer
0.8 | Answer 0.8
0.6 - l l 0.6 - 0.p7
oo 0P
ok oo 0.413
0.4r - : 0.4
0.2+ 027
0 : : 0 ‘ ‘
Gifted students Regular students Gifted students Regular students
Group Group
(a) (b)

Figure 5. (a) The average fixation time ratio in pMCQ. (b) The average fixation time ratio in tMCQ.
*
p <0.05.

From Figure 5, it can be observed that there are differences in FTR between gifted
and regular students across different answer zones during the answering process. In the
pMCQ questions, the FTR for gifted students was significantly higher than that for regular
students in the picture zone (p < 0.05), while regular students had a higher proportion
of fixation time in the text zone compared to gifted students (p < 0.05). Similarly, in the
tMCQ questions, regular students also had a higher proportion of fixation time in the text
zone compared to gifted students, although this difference was not statistically significant
(p = 0.32). This could be attributed to the fact that in tMCQ, students are required to
focus on either the text or the answer zone only, unlike pMCQ, which includes graphical
information, providing students with more options to understand the questions.

To evaluate the discriminative potential of FTR, we employed Random Forest (RF)
to distinguish between gifted students and regular students, enabling us to rank the
significance of various FTR features. Figures 6 and 7 depict the classification outcomes
and feature importance in pMCQ and tMCQ questions, respectively. Utilizing FTRs of
text, picture, and answer as input features achieved a classification accuracy of 60% in
pMCQ. The feature importance values were 0.343, 0.354, and 0.303 for Frex_p, Fpicture_p, and
Fanswer_p, respectively (with the sum of feature importance normalized to one). In tMCQ,
using FIRs of text and answer yielded a discrimination accuracy of 55%, with feature
importance values of 0.545 and 0.455 for Frext ¢ and Fanswer t, respectively (with the sum of
feature importance normalized to one). These findings suggest distinct problem-solving
strategies between gifted and regular students, especially in questions involving graphical
information, which exhibited greater discriminatory power in distinguishing between the
two groups.
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Random Forest Feature Importance Random Forest Classifier
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Figure 6. Outcomes of the Random Forest using FTR from pMCQ as input features. (a) Fea-
ture importance as output by the Random Forest. (b) Confusion matrix of the Random Forest
classification results.

Random Forest Classifier

Random Forest Feature Importance

Gifted Student

True Label

Feature names

Regular Student

Gifted Student Regular Student

0.0 0.1 0.2 03 0.4 05

Feature importance Predicted Label

(a) (b)

Figure 7. Outcomes of the Random Forest using FTR from tMCQ as input features. (a) Fea-
ture importance as output by the Random Forest. (b) Confusion matrix of the Random Forest
classification results.

Regarding the evaluation of the discriminative potential of SCR, Figure 8 illus-
trates the SCR in answering the pMCQs and tMCQs. In Figure 8a, the SCRs for STT p/s
Stp_p, SPP_p, SPA_p, Saa_p, and Sar , were 0.274 + 0.131, 0.103 + 0.067, 0.232 + 0.101,
0.147 £ 0.065, 0.191 + 0.114, and 0.053 £ 0.040, respectively, for the 20 gifted students,
and were 0.331 £ 0.126, 0.108 £ 0.066, 0.197 £ 0.088, 0.121 =+ 0.060, 0.199 + 0.095, and
0.046 +£ 0.039, respectively, for the 18 regular students. Significant differences were found in
the SCR features of text-to-text and picture-to-answer transitions (p < 0.05). It was observed
that regular students exhibited more eye-movement transitions in the text, whereas gifted
students demonstrated more saccades between the picture and answer zones, indicating
their active extraction of information from these areas.
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Figure 8. (a) The average saccade count ratios in pMCQ. (b) The average saccade count ratios in
tMCQ. * p < 0.05; ** p < 0.01.

In the answering of tMCQ), Figure 8b displays the SCRs for eye-movement transitions
of text-to-text, answer-to-answer, and text-to-answer. The SCRs of the three aforementioned
features were 0.424 £ 0.163, 0.416 + 0.173, and 0.161 + 0.084, respectively, for the gifted
students, and were 0.525 £ 0.176, 0.378 £ 0.170, and 0.097 £ 0.054, respectively, for the
regular students. It can be observed that regular students exhibited a behavior pattern
similar to that of pMCQ in their response to tMCQ, with a higher proportion of SCR spent
on text-to-text eye-movement transitions (Stt_p). Although the difference in Sty _¢ between
the two student groups did not reach statistical significance (p = 0.13), it is evident that
regular students allocated more gaze time (FTR) and engaged in more eye-movement
transitions (SCR) in understanding the problem representation. In contrast, gifted students
demonstrated higher eye-movement transitions between the picture and answer zones
(Spa_y), indicating that they invested more effort in integrating text and answer information,
which significantly differed from regular students (p < 0.01).

By inputting the SCR obtained from answering pMCQ and tMCQ into the RF, we can
observe the differences in these two types of saccade features between the two groups of
students. Figure 9 illustrates the classification results of inputting the six SCR features from
pMCQ into the RE The results indicate that using the six SCR features from pMCQ achieves
a discrimination accuracy of 77.5%, demonstrating significant differences in these SCR
features between gifted students and regular students. Further ranking the importance of
these six features, Figure 9a shows that the importance values for Stt_p, Stp_pp, Spp_p, Spa_p,
Sa A_ps and SAT_p were 0.205, 0.185, 0.143, 0.239, 0.106, and 0.122, respectively, with the sum
of feature importance normalized to one. Particularly noteworthy is that Spa_p,, Stp_p, and
Str_p had higher importance than Spp_},, SaT p, and Saa_p features. It is worth noting that
although Spa_,, may not have the highest proportion of eye-movement transitions in SCR,
its discriminative importance between gifted and regular students is the highest.

Inputting the SCR obtained from tMCQ into the RF also revealed a high classification
accuracy of 67.5% with eye-movement transition features of text-to-text, answer-to-answer,
and text-to-answer (see Figure 10b). The feature importance values for Stt t, Saa_t, and
Sat + were 0.331, 0.280, and 0.389, respectively, with the sum of feature importance normal-
ized to one (see Figure 10a). The high importance of Sar_; echoes the significance of Spa
in pMCQ, suggesting that gifted students attempted to integrate the relationships between
pictures, text, and answers after understanding the problem. This observation is consistent
in tMCQ, where Spa _ was also identified as the most important feature for distinguishing
between the two groups of students.
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Figure 9. Outcomes of the Random Forest using SCR from pMCQ as input features. (a) Fea-
ture importance as output by the Random Forest. (b) Confusion matrix of the Random Forest
classification results.
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Figure 10. Outcomes of the Random Forest using SCR from tMCQ as input features. (a) Fea-
ture importance as output by the Random Forest. (b) Confusion matrix of the Random Forest
classification results.

4. Discussion

In this study, eye-tracking technology was employed to explore how students, matched
in age and prior knowledge and spanning both gifted and average abilities, construct strate-
gies for problem-solving tasks. The analysis of behavioral data aimed to illuminate the
distinct strategies elicited by problem-solving tasks. Based on the eye-mind hypothesis
and the immediacy hypothesis (Just & Carpenter, 1980) [25], it is posited that the location
of eye fixations is associated with cognitive processes at that location, suggesting that
eye movements can reflect mental information processing. Furthermore, the immediacy
hypothesis contends that information processing occurs immediately upon perception.
Research suggests that the frequency and duration of eye fixations on ROIs, quantified
by the frequency of gaze entries and exits, along with the total fixation time within an
RO, reveals the significance of the ROl in reading and the perceived amount of informa-
tion [26,27]. Moreover, the transitions between ROISs, or the frequency of eye movements
from one ROI to another, are considered an integration of the content presented within
the ROIs [28]. This study hypothesized that gifted and regular students would employ
different problem-solving strategies for various question structures. According to Hegarty
et al. (1995) [9], gifted students answer questions by constructing problem models, whereas
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regular students employ a direct translation strategy, searching for answers within the
text area. This rationale underpins the design of questions with and without informative
pictures to observe whether students from different groups utilized pictorial information to
achieve problem-solving objectives. Gifted students were believed to value the integration
of information related to pictures, text, and answer options, whereas regular students
focused more on the direct correlation between text and answers.

By analyzing the average response time and accuracy of gifted and regular students
in both pMCQ and tMCQ formats, we found that although there was no significant dif-
ference in the time taken to answer the questions between the two groups, the accuracy
in discriminating gifted students from regular students was significantly higher in pMCQ
than in tMCQ. In the pMCQ condition using the SCR feature, the average accuracy for
identifying gifted and regular students was 85% and 70%, respectively, while in the tMCQ
condition using the SCR feature, it was 65% and 70%, respectively. This indicates that for
regular students, the classification performance did not differ significantly between pMCQ
and tMCQ. However, for gifted students, incorporating images with informational content
into the questions greatly improved the machine learning model’s ability to distinguish
them. It can be observed that gifted students exhibit more distinct SCR feature patterns
in eye-tracking data compared to regular students when solving pMCQs, whereas such
differences are less pronounced in tMCQs. This discrepancy led to a drop in the classifi-
cation accuracy for gifted students from 85% in pMCQ to 65% in tMCQ. These findings
suggest that using image-based questions results in better identification of student groups,
highlighting the positive impact of visual information on answer accuracy.

Comparing the answer accuracies obtained from pMCQ and tMCQ, the average
accuracy was 0.68 vs. 0.46 in gifted students and was 0.38 vs. 0.27 in regular students. This
suggests that gifted students are more adept at utilizing picture information in problem
solving. From Figures 5a and 8a, it can be observed that gifted students had higher FTR
in pictures than regular students (0.38 &+ 0.13 vs. 0.32 &+ 0.11; p < 0.05, Student’s t-test),
while in the text zone, gifted students had lower fixation time ratios compared to regular
students (0.33 = 0.14 vs. 0.39 & 0.15; p < 0.05). There was no difference in the answer zone
between the two groups of students (0.29 £ 0.14 vs. 0.29 &+ 0.14; p = 0.9854). In terms of
SCR features, gifted students also exhibited significantly higher eye-movement transitions
between pictures and answers compared to regular students. This pattern suggests that
gifted students may have engaged in greater cross-referencing between textual and pictorial
information during problem solving, whereas regular students tended to devote relatively
more visual attention to processing textual representations.

Many studies suggest saccade features between different ROIs are important indica-
tors in cognitive process analysis [28-30]. Compared with high-end eye-tracking systems
operating at sampling frequencies of 250-1000 Hz, this study employed the EyeTribe device
with a sampling rate of 30 Hz. The rationale for this choice lies in the nature of our analytical
requirements, which do not involve high-frequency oculomotor features such as micro-
saccades, saccade velocity profiles [31], or other fine-grained dynamic eye-movement
parameters. Instead, the study focuses on fixation time ratio (FTR) and saccade count
ratio (SCR), both of which represent region-level, low-frequency measures of information-
integration behavior. These indicators require substantially lower temporal resolution than
what is needed in high-frequency eye-movement research. According to a methodological
synthesis by Holmqvist et al. (2011) [24], fixation durations typically range from approxi-
mately 200-300 ms, while saccades generally last about 30-80 ms. Given these temporal
characteristics, eye-tracking devices operating at 30-60 Hz are sufficient for reliably mea-
suring ROI-based fixation behavior and cross-region saccade transitions, as these measures
do not require capturing high-speed ocular micro-movements. Furthermore, recent edu-
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cational studies—including research on reading comprehension [32], cognitive load [33],
and scientific reasoning [34]—have successfully employed 30 Hz Tobii or EyeTribe devices
and have reported robust and valid region-level eye-movement indicators. Therefore,
within the framework of this study, which centers on “cross-region information-integration
behavior,” the EyeTribe device, despite not being a high-end eye-tracker, provides adequate
sampling resolution and spatial accuracy to support analyses of fixation distribution and
cross-region saccade patterns. Its performance is fully sufficient to generate interpretable
and reliable findings aligned with the study’s objectives.

Inhoff & Radach (1998) [35] further proposed that the saccadic state during problem
solving reflects the integration of information across different ROI areas. Given that
participants may differ in their response times, we adopted the ratio of saccade counts
(SCR), rather than absolute saccade numbers, to better capture the behavioral differences
between gifted and regular students. As shown in Figure 9b, SCR exhibited stronger
discriminative power than FTR. In contrast to studies relying solely on fixation duration for
cognitive-process analysis, fixation-based metrics may include periods of cognitive idleness
or processes unrelated to problem solving, potentially causing ambiguity in interpretation.
By comparison, SCR provides a more sensitive and stable indicator of how students
transition across information regions while constructing problem representations.

In order to comprehend the differences in problem-solving strategies between gifted
and regular students, the eye-tracking zone graphs of a gifted student (Participant 12) and
a regular student (Participant 30) in the first question of pMCQ and the tenth question of
tMCQ are demonstrated. Eye-tracking zone graphs illustrate the gaze-shifting patterns of
participants over time, recording changes in their eye movements. Figure 11 shows the
zone graphs of two students while solving a pMCQ. The gifted student spent 70.20 s and
answered the question correctly, whereas the regular student spent 56.66 s and provided an
incorrect answer. During the problem-solving process, the gifted student’s gaze frequently
shifted between the picture and the answer zones, while the regular student devoted
more time to the text zone, indicating a deeper focus on understanding the problem
representation. Figure 12 presents the zone graphs of a gifted student and a regular student
during tMCQ tasks. As illustrated, the gifted student showed relatively more frequent gaze
transitions between the text and answer regions, whereas the regular student tended to
maintain their gaze predominantly within the text region. This pattern reflects differences
in visual attention allocation across regions rather than direct evidence of underlying
cognitive processes. Specifically, the regular student devoted a larger proportion of visual
attention to the text region, while the gifted student demonstrated more frequent shifts
between the question content and answer options. These gaze behaviors are consistent
with differing approaches to information use during problem solving, although no direct
inference about internal cognitive strategies can be made based on eye-tracking data alone.

To further investigate how gifted and regular students differ in their problem-solving
strategies, this study employed a RF classifier to analyze the FTR and SCR features. The
use of RF represents an important methodological contribution in eye-tracking studies, as
traditional statistical analyses typically examine variables independently and therefore
cannot capture the multivariate, interaction-based nature of cognitive strategies [36-39]. In
contrast, RF integrates predictions from multiple decision trees, enhancing model stability
and generalization while effectively identifying complex, nonlinear patterns within eye-
movement data. Consistent with this analytical advantage, our results revealed that
SCR features—particularly those from pMCQ items—achieved a classification accuracy
of 77.5%, substantially outperforming FTR features and all tMCQ-based features. These
findings suggest that saccade-based measures may be more sensitive to differences in
observable information-transition behavior than fixation-duration metrics, particularly
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because fixation time can include intervals not directly related to active task engagement.
In contrast, saccade transitions capture changes in gaze location across regions, which
are more closely associated with shifts in visual attention at the behavioral level. The
feature-importance analysis further indicated that transitions such as picture-to-answer
and text-to-picture transitions contributed more strongly to classification performance,
highlighting their relative importance in distinguishing gaze-transition patterns between
student groups. Overall, the use of machine learning approaches such as RF Classifier
provides a complementary analytical framework for examining multivariate eye-movement
features. Rather than replacing conventional analyses, these methods offer an exploratory
means of characterizing differences in problem-solving-related visual behavior between
gifted and regular learners.

Zone graph Zone graph
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Question Content Area
Question Content Area

Answer Answer -

n n L L L n L L n L L L L L n |
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Figure 11. Comparison of zone graphs for pMCQ. (a) The zone graph of a gifted student. (b) The
zone graph of a regular student.
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Question Content Area

Answer - 1 Answer -
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Figure 12. Comparison of zone graphs for tMCQ. (a) The zone graph of a gifted student. (b) The zone
graph of a regular student.

To address concerns regarding the credibility and robustness of the classification
results, we implemented a thorough validation strategy and baseline model comparison.
Specifically, the choice of using a RF classifier with 15 decision trees (m = 15) was not
arbitrary; it was based on empirical evaluation across a range of configurations (m = 1-99),
using leave-two-out cross-validation (i.e., each fold held out one gifted and one regular
student). This setup allowed us to balance model simplicity, accuracy, and generalizability,
mitigating the risk of overfitting despite the modest dataset size. As summarized in Table 2,
the RF classifier outperformed the other three baseline classifiers—Support Vector Machine
(SVM), Bayesian Classifier (BC), and Linear Discriminant Analysis (LDA)—achieving the
highest classification accuracy for both pMCQ and tMCQ tasks. Furthermore, across all
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four classifiers, the classification accuracy was consistently higher when using the pMCQ-
derived features compared to those from tMCQ, suggesting that visual information (i.e.,
image-based questions) enhances the ability to distinguish between gifted and regular
students. On average, pMCQ features yielded a 12.95% improvement in classification
accuracy over tMCQ features, indicating a substantial performance gap and reinforcing
the discriminative value of image-enhanced reasoning questions in eye-tracking-based
cognitive modeling.

Table 2. Classification accuracies of four models (Random Forest, Support Vector Machine, Bayesian
Classifier, and Linear Discriminant Analysis) for pMCQ and tMCQ eye-tracking features.

Classifier/ Randorm Support Vector Bayesian Dis]c:,:ir:fliarl;an ¢

Data Type Forest (RF)  Machine (SVM)  Classifier (BC) Analysis (LDA)
pMCQ 77.5% 76.6% 75.7% 71.4%
tMCQ 67.5% 63.4% 61.4% 57.1%

Based on the feature-importance outputs of the Random Forest analysis, differences
were observed in the relative contribution of specific eye-movement features to classi-
fication performance. For the pMCQ condition, several SCR features, including Spa p,
Str_p, and Stp_p, showed stronger influence on the classifier’s predictions, indicating that
transitions involving text, picture, and answer regions were particularly informative for
distinguishing between student groups. In the tMCQ condition, SCR features related
to transitions between text and answer regions contributed more prominently to classi-
fication performance, suggesting that gaze shifts between these regions played a larger
role when pictorial information was absent. Across both question types, regular students
exhibited higher proportions of fixation time within the text region, whereas gifted stu-
dents demonstrated relatively more cross-region gaze transitions. These patterns reflect
differences in observable visual-attention allocation and information-navigation behavior
during problem solving. It is noteworthy that while certain transition features showed
limited importance in pMCQ, they became more influential in tMCQ, highlighting the
task-dependent nature of gaze-transition patterns. This observation underscores that the
relative importance of eye-movement features varies with question format rather than
reflecting a single, generalized strategy. Regarding the most difficult item in the assessment
(Question 18), which yielded the lowest overall accuracy, gifted students exhibited longer
response times than regular students, despite similarly low correctness rates in both groups.
This difference in response duration suggests variation in task engagement or response
behavior under challenging conditions [40], although no direct inference about underlying
cognitive strategies or motivational factors can be drawn from response time data alone.

5. Conclusions

This study examined eye-movement behaviors of gifted and regular students across
two types of scientific reasoning questions. Although SCR were associated with group
differences and classification performance, the present study does not establish a causal
link between gaze transitions and specific cognitive operations. Accordingly, eye-tracking
measures are interpreted as indicators of observable visual-attention behavior rather than
direct measures of cognitive depth or reasoning processes. In addition, the observed pat-
terns may also be influenced by factors beyond problem-solving strategy, such as reading
proficiency, familiarity with visual representations, and individual test-taking styles. Four
main findings can be summarized. First, in picture-embedded multiple-choice questions
(pPMCQs), gifted students allocated a greater proportion of fixation time to picture regions,
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whereas regular students devoted relatively more attention to text regions, reflecting dif-
ferences in attention distribution across information sources. Second, group differences
were more evident in saccade-based measures (SCR) than in fixation-based measures (FTR),
suggesting that cross-region gaze transitions are particularly informative for distinguishing
visual-attention patterns. Third, these differences were less pronounced in text-only ques-
tions (tMCQs), underscoring the task-dependent nature of eye-movement behavior. Fourth,
Random Forest analyses showed higher discriminative performance for pMCQ-derived
features than for tMCQ-derived features; however, these results should be interpreted
conservatively as reflecting relative feature sensitivity rather than diagnostic capability.
Overall, these findings indicate that eye tracking, when combined with exploratory machine
learning analysis, can provide a useful framework for examining differences in problem-
solving-related visual behavior. At the same time, caution is warranted in extending these
observations to claims about underlying cognitive strategies or diagnostic distinctions
between student groups.
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Abbreviations

The following abbreviations are used in this manuscript:

pMCQ Multiple-choice questions with an informative picture
tMCQ Multiple-choice questions with text only
Fext_p The proportion of fixation time on the text region in pMCQ

Fpicture p ~ The proportion of fixation time on the picture region in pMCQ
Fanswer p ~ The proportion of fixation time on the answer region in pMCQ

STT_p The proportion of text-to-text transitions in pMCQ

Str_p The proportion of text-to-picture transitions in pMCQ
Spr_p The proportion of picture-to-picture transitions in pMCQ
Spa_p The proportion of picture-to-answer transitions in pMCQ
Saa_p The proportion of answer-to-answer transitions in pMCQ
SaT p The proportion of answer-to-text transitions in pMCQ
Prrext t The proportion of fixation time on the text region in tMCQ
Fanswer t  The proportion of fixation time on the answer region in tMCQ
STT ¢ The proportion of text-to-text transitions in tMCQ

SAA t The proportion of answer-to-answer transitions in tMCQ
SAT ¢ The proportion of answer-to-text transitions in tMCQ
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